This paper presents a new knowledge discovery assistance method to improve wastewater treatment plant (WWTP) operation based on multivariate statistical process control (MSPC). The proposed method combines with MSPC by principal component analysis (PCA-MSPC) and monitoring of a pre-defined performance index for efficient and stable plant operation. Fault detection and isolation (FDI) related to the performance index is selectively performed by monitoring the time series data of the performance index wherein the sample points violating the control limit of Q statistic or that of T 2 statistic in PCA-MSPC are indicated. Hidden patterns of probable cause variables to deteriorate the performance index are discovered from the FDI by observing the time series data of the isolated variables. Applications of the proposed method to real WWTPs illustrate the effectiveness of the proposed method by showing possible improvement for energy-saving operation and stable plant operation.
INTRODUCTION
Efficient plant operation of wastewater treatment plants (WWTPs) is becoming increasingly important due to the requirement of the effective use of budget in many municipalities and due to the decrease of skilled plant operators as a result of an aging population. For efficient operation, it is of course important that the number of WWTP operators should be minimized as much as possible. Another view of efficient plant operation is energy saving operation. Social requirement for CO 2 reduction is certainly a driving force to improve the efficiency of daily plant operation. To achieve such an efficient plant operation, it is promising to utilize massive amounts of time series process data acquired by supervisory control and data acquisition (SCADA) system that is often installed for process monitoring and operation. In SCADA system, process data are often used only for such monitoring and operation purposes. However, process data can be more effectively used to support decision making for the improvement of plant operation since process measurement signals are often highly interrelated and usually represent the cumulative effects of many underlying process phenomena such as process dynamics, external disturbances and process degradation among others. In addition, rapid development of information technology (IT) helped to increase the number of available online data and thus, useful information involved in process data are potentially increasing. However, such data have not often been used effectively to extract useful information for relatively few significant events for decision making process due to immature effective information extraction technique.
Multivariate statistical process control (MSPC) is attracting engineers' interests as a fault diagnosis technique and used in several industrial processes such as petrochemical industries or steel industries (Lennox et al., 2003; Kourti, 2005; Sandberg et al., 2007; Al-Ghazzawi and Lennox, 2008) . Applications for wastewater treatment process are also shown in the literatures (Olsson and Newell, 2001; Rosen, 2001) . The main purpose of MSPC is fault detection and isolation (FDI) for many types of faults such as sensor and actuator faults, process upsets, controller failures and sudden disturbances. However, MSPC sometimes does not have special intention or purpose in terms of the improvement of process operation (Wise and Gallagher, 1996; Martin et al., 2002) .
Another promising information extraction method is knowledge discovery and data mining (KDD), which could be vaguely defined as a process of applying data analysis techniques such as clustering or regression to data with the intention of uncovering hidden patterns (Kantardzic, 2003; Peng et al., 2008) . Although the definition of KDD is vague, the aim is fairly clear: extraction of some useful knowledge from the data. This paper presents how MSPC can be used as a knowledge discovery assistance technique for the improvement of plant operation. To this end, the paper introduces a modified MSPC technique that makes it easier to find out how plant operation can be improved. The technique is based on MSPC with principal component analysis (PCA-MSPC) to take into account the underlying interrelation structures among a high number of process variables. Conventional PCA-MSPC detects various types of process faults by the synthesized data called Q statistic and Hotelling's T 2 statistic, and isolates probable cause variables being out of control with the contribution plots for these statistics (Kourti, 2005) . However, plant operators are often interested in critical events related to some specific performance indices such as specific energy consumption (SEC) and/or treated effluent water quality, instead of various process upsets. To meet the need, this paper proposes a monitoring technique for a specific performance index, on which the sample points violating the control limit of Q statistic or that of T 2 statistic are indicated. This technique is simple but powerful to distinguish critical events related to the performance index from unrelated ones. It makes it easier to identify the cause variables which deteriorate the performance index. From the cause variables, one could discover hidden patterns of faults and could find how to improve process operation. This paper proves it by applying this technique to process data of SCADA systems in real WWTPs. This paper is organized as follows. After reviewing the conventional PCA-MSPC briefly, the newly proposed monitoring technique, which assists to discover some knowledge for plant operation improvement, will be presented. Then, two applications of this technique to WWTPs illustrate how the proposed technique works and what can be discovered. One is for energy saving operation by monitoring SEC as a performance index and the other is for stabilizing effluent quality with effluent total phosphorus (TP) concentration monitoring. These applications using real process data demonstrate the effectiveness of the method by showing that several hidden patterns of faults can be discovered. Then, the potential application of the proposed technique and future perspective are briefly discussed. Finally, concluding remarks are summarized.
KNOWLEDGE DISCOVERY ASSISTANCE TECHNIQUE BY PCA-MSPC Multivariate statistical process control
Multivariate statistical process control (MSPC) is an extension of statistical process control (SPC) which detects abnormal process condition via statistical tools. Using empirical modelling methods such as principal component analysis (PCA), MSPC enables us not only to detect faults earlier in multivariate processes but also to isolate the cause variables of faults. For process monitoring, PCA is popular due to its potential for dimensional reduction of the multivariate data while capturing underlying variation and interrelationship between variables.
An n × m data matrix X is transformed by PCA which combines the variables as a linear weighted sum, described as:
where p i , i = 1,··· , m, are the principal component loadings, P all = (p 1 , p 2 , ···, p m ) and P = (p 1 , p 2 , ···, p k ) are the loading matrices, t i , i = 1,··· , m, are the principal component scores, T all = (t 1 , t 2 , ···, t m ) and T = (t 1 , t 2 , ···, t k ) are the score matrices, and E = (t k + 1 p The data matrix X is also decomposed by singular value decomposition, described as:
where Λ all is a diagonal matrix of the eigenvalues, Λ is a portion of Λ all whose elements consist of k largest eigenvalues, P . By using these matrices, Q statistic and Hotelling's T 2 statistic are defined as:
The contributions of each variable for the Q statistic and for the T 2 statistic could be defined as:
where v i , i = 1,···, m, are vectors defined as P T all = V all = (v 1 , v 2 , ···, v m ) and each x i (t), i = 1, ···, m, is the i-th element of x(t) (Westerhuis et al., 2000; Kourti, 2005) .
The Q statistic and T 2 statistic allow earlier fault detection than univariate monitoring, and their contributions make it possible to isolate probable cause variables (See Fig. 1 ).
Knowledge discovery assistance technique using MSPC Using PCA-MSPC, various types of process upsets and faults can be detected and isolated. From the users' viewpoint, however, plant managers are sometimes particularly interested in detection and cause analysis of the deterioration for some specific performance indices such as SEC and effluent water quality, whereas PCA-MSPC is an unsupervised FDI method for universal process faults. Also, detected faults by the Q statistic or the T 2 statistic are sometimes hard to be interpreted by plant operators since these statistics used by MSPC experts do not have any physical meaning. To cope with the problems, a new monitoring technique which combines PCA-MSPC and direct monitoring of a specific performance index is developed. The idea as shown at the bottom in Fig. 1 is to indicate the sample points violating the control limit of Q or T 2 statistic on a specific performance index. This technique is simple but powerful to distinguish the process faults related to the performance index from those unrelated to the index. As shown in Fig. 1 , one only has to pay attention to the detected faults by the Q statistic or the T 2 statistic over and around the control limit of the performance index -91 -to identify variables which make the performance index to be out of control. It is worth noting that faults are often detected by the Q statistic or the T 2 statistic before a sample of performance index violates its control limit, which can be a sign of deterioration of the performance index and eases the cause analysis of the deterioration.
KNOWLEDGE DISCOVERY ASSISTANCE BY SEC MONITORING
The first application is to assist to discover energy saving operational condition by monitoring SEC as the performance index. Time series data of process measurements at a municipal WWTP were used for the evaluation. The WWTP consists of 6 treatment trains and the design wastewater flow rate of the WWTP is 211,800 m 3 /day.
Conditions for evaluation
The process data, as shown in Table 1 , at the 4 th and 5 th treatment trains were used for MSPC modelling. The data of which the sampling period was 1 minute had been collected for 235 days and used for offline evaluation. Prior to modelling, signal noise, missing data and outliers have been properly treated. Each of the aeration-related SEC (A-SEC) and the pumping-related SEC (P-SEC) is selected as the performance index. These are defined as follows: 
Results and discussion
Fault detection of SEC deterioration. Considering the results, Fig. 2 shows the A-SEC data on which the fault points detected by the Q statistic or that of the T 2 statistic are indicated. It is apparent that several faults related to the deterioration of A-SEC can be distinguished from those unrelated to A-SEC. The faults related to A-SEC could be Type A: diurnal increase of A-SEC for some interval, Type B: decrease of A-SEC during some consecutive period, Type C: sudden faults of A-SEC.
We have confirmed that the above three types of faults have only been observed in other A-SEC data and also in P-SEC data.
Fault isolation and cause analysis. Probable causes of faults using the contributions of Q and T 2 statistics have been detected and then the following has been discovered. Type A faults occur early morning in fine days when the inflow to 4 th and 5 th trains are drastically decreasing. Type B faults are mainly caused by considerably higher DO and ORP and relatively lower power supply for aeration and for pumping, of which the root cause was supposed to be low influent load due to the inflow dilution by rainwater. This was confirmed by plotting the amount of daily rainfall on A-SEC data which is also shown in Fig. 2 ( , , ) . As can be seen, the decrease of A-SEC is observed during and after rainfall of over 10mm/day. It is worth noting the rainfall could be predicted as the root cause, although the rainfall data was not included in the process variables. Type C faults are caused by various process faults or by intended operational change; for instance, inactivated operation of the waste sludge pump by maintenance or machine trouble.
To show how root cause can be discovered, cause analysis of Type A is described. Figure 3 shows a set of time series data of isolated and probable major cause variables by the contributions of Q and T 2 statistics at a sample point of Type A fault detected. The reason for the increase of SECs can be discovered by matching the time series data with the process flow in Fig. 4 . Rapid drop (see 'a' in Fig. 4 and Fig. 3 well ('b'). Then, it increases the pumping head ('c') and so increases the rotary speed and the power supply, while the pumped water flow to the reactor decreases due to the rapid drop of the inflow ('d'). Thus, P-SEC increases drastically. For A-SEC, power supply for aeration is almost constant due to the almost constant air flow ('e'), while the pumped flow to the reactor decreases. Hence, A-SEC also increases. Through the interview with the plant managers after this analysis, it was clarified that the reason of the rapid inflow drop was the drastic decrease of the overflow, which is almost equivalent to the inflow, of the weir equipped between the 4 th and 5 th trains and the other trains. This is because relatively low wastewater during night time is mainly treated in the other trains by the effect of the weir.
Possible improvement for operation. Once root causes of the deterioration of SECs have been revealed, one can easily come up with ideas to improve process operation. For instance, it is easy to show how to improve Type A faults. Since the water level of the pumping well should be kept high to reduce P-SEC, water level control of the pumping well must be effective. To control the water level, the equalization basin could be used appropriately and/or inflow rate could be adjusted by introducing adjustable weir. For A-SEC reduction, conventional DO control with appropriate set point must be effective combining with the control of the number of blower units in operation. The reduction of SECs can be estimated quantitatively under a reasonable assumption. It is assumed that the average of SECs will be the midpoint of upper and lower limits after introducing the above control schemes since it is expected that the diurnal increase of A-SEC and P-SEC will be suppressed by the control schemes. Thus, the average of A-SEC will become 0.165 kWh/m 3 and that of P-SEC will become 0.055 kWh/m 3 . On the other hand, the actual average of A-SEC and that of P-SEC except rainy days were 0.180 kWh/m 3 and 0.063 kWh/m 3 , respectively. Therefore, the reduction of SECs will be 0.015 + 0.008 = 0.023 kWh/m 3 . The reduction of SECs can also be converted to cost reduction with some additional assumptions. It is assumed that the cost for power consumption is 10 yen/kWh and that the number of rainy days in a year is 100 from the past record. Under these assumptions and with the design wastewater flow rate of 211,800 m 
KNOWLEDGE DISCOVERY ASSISTANCE BY EFFLUENT TP MONITORING
The other application is to assist to discover more stable plant operation by monitoring effluent TP concentration as the performance index. Time series data of process variables at another municipal WWTP of which the design flow rate is 23,000 m 3 /day were used for the evaluation.
Conditions for evaluation
The process variables, as shown in Table 2 , at the 2 nd treatment train consisting of 3 subtrains from 2 treatment trains were used for the evaluation. Figure 5 shows the 2 nd treatment train where the anaerobic-anoxic-aerobic process configuration is adopted. The data of which the sampling period was 1 minute had been collected for 395 days and used offline. Signal noise, missing data and outliers had been properly filtered at the modelling stage. The upper control limit of the effluent TP concentration was set to 0.5 mgP/L, considering the fact that polyaluminum chloride (PAC) is dosed as a coagulant when the effluent TP reaches 0.6 mgP/L at the WWTP.
Results and discussion
Fault detection of TP deterioration. Figure 6 shows an example of the results when the proposed technique with the effluent TP monitoring was applied. It is evident from the left figure that the faults related to the TP deterioration and unrelated one can be distinguished. Also, the Q and T 2 statistics have well detected the sign of TP deterioration before TP reaches the control limit 0.5 mgP/L.
-95 -Fault isolation and cause analysis. Through the Q and T 2 statistics, we have isolated the faults and then tried to classify the root causes of the TP deterioration. We have found that such classification was difficult, but we have observed the following four types of TP deterioration:
Type A: TP deterioration after anaerobic and/or anoxic ORP increase in fine days, Type B: TP deterioration after anaerobic and/or anoxic ORP increase in rainy days, Type C: TP deterioration with anaerobic and/or anoxic ORP decrease and aerobic DO decrease, Type D: TP deterioration accompanying MLSS change a few days after a rainy day. Only an example of the probable cause variables for Type A is shown to the right in Fig. 6 . It shows a set of time series data of probable cause process variables which were extracted by investigating the contributions of Q and T 2 statistics around the time 'a' on the left figure. One can see that the anaerobic ORPs in two of three sub-trains were increasing at the time 'a'. It should be noted that the TP itself was also isolated as a probable cause variable although the TP was not yet deteriorated at the time 'a', since the correlation of the TP and the ORPs was violated at the time. It means that early warning of the TP deterioration could be possible. Type B is different from Type A in only the point that the increase of the ORP is caused by rain events. Type C shows that the TP is deteriorated by bad aerobic condition due to the DO decrease, which implies the decrease of the ORP due to the reduction of transported DO from the aerobic reactor to anaerobic reactor. If one only monitors the ORP, the TP deterioration will never be anticipated since lower ORP means better anaerobic condition, but the proposed method can suggest the TP deterioration.
Type D seemed to have different mechanism from the other three types. It seemed to be difficult to find out the root cause of the TP deterioration of Type D from the process data only, but this type of events have been detected many times. To see that it is not happenchance, we have calculated an indicator of the relation of the effluent TP and other process variables as shown in Fig. 7 , which is the average of the principal component loadings to which the effluent TP strongly contributes. It is evident that the effluent TP is strongly related to the lagged rainfall and the difference of the MLSS. Also, direct observation of the MLSS data indicated that the MLSS often became unstable around a few days later after rain events. The following cause was expected from the above observation and with the help of process experts' suggestion. Diluted inflow by rain causes the decrease of MLSS. Then, a control handle such as the waste sludge pump is operated to increase the MLSS, which leads to unstable MLSS condition. Thus, such unsteady states are often observed a few days later after rain events. Meanwhile, the experts pointed out that accumulated organic acids in sewer pipe are often flushed out by rain. It causes the lack of organic acids used for phosphorus Possible improvement for operation. Cause analysis of the TP deterioration could inspire a couple of ideas to improve process operation. For instance, one can control recirculation pump and/or return sludge pump to keep the anaerobic/anoxic ORPs sufficiently low. Also, it might be effective to dose organic acids to the anaerobic reactor, particularly after rain events.
DISCUSSION
It has been demonstrated that the proposed technique works effectively for SEC faults and effluent TP faults. Other types of faults or events also happen routinely in daily WWTP operation. The proposed technique can potentially be applied to such faults or events, provided appropriate online sensors are installed related to the target event and the sensing signals are considerably sensitive to the target event. Table 3 shows the potential applicability of the technique to the several phenomena observed in daily WWTP operation. In Table 3 , means that the proposed technique will be applicable. The symbol means that the proposed technique may be unnecessary because even the existing SCADA system can detect the phenomenon or that it is unsuited because other types of FDI technique will be more appropriate although the proposed technique can be applicable. The symbol means that the proposed technique may potentially be applicable but the direct application is difficult. The reason is either the appropriate online sensors have not been well developed or the detection of target phenomena may be difficult due to the insufficient sensitivity of the sensors. From Table 3 , future works will be: to prove that the proposed technique can be applied to other phenomena indicated by ; and to improve it to be applicable to the phenomena indicated by . 
CONCLUSIONS
This paper has proposed a new knowledge discovery assistance technique for improved plant operation based on MSPC and applied it to real process data of two WWTPs. The proposed technique combines with MSPC and monitoring of a pre-specified performance index such as SEC or effluent quality. The technique is monitoring the performance index wherein the sample points violating the control limit of Q statistic or that of T 2 statistic are indicated. The effectiveness of the technique has been illustrated by showing how the proposed technique works and what can be discovered; with SEC monitoring or effluent TP monitoring. Several hidden patterns of faults have been discovered and some possibilities for operation improvement have also been presented. Although process experts may be able to show the possible ways to improve plant operation covering the ways illustrated in this paper, the proposed technique can be used without process experts and, more importantly, it is able to show the possible ways for improvement without any bias. Therefore, the proposed technique will be used as an operational assistance system of WWTP operation.
